Analysis of repeated events in a fully specified probability model for the event processes are typically handled by specifying a frailty to account for the dependence within units. Parametric assumptions about the frailty can have notable effects on the results, and methods for checking a frailty distribution in the recurrent event setting are not well developed. We adopt the Total Time on Test procedure to investigate the shape of the intensity in a repeated event setting where a frailty model has been specified. This offers a simple method for testing relevant hypotheses for recurrent event processes in a frailty model, without having to make parametric assumptions about the frailty. The method is illustrated by reanalyzing Danish registry data of affective disorder, where the event is hospital admission with an affective diagnosis.
Introduction
In psychiatric epidemiology, an important question is whether the course of illness in affective disorder is deteriorating with increasing risk of recurrence for every new affective episode the so-called Sensitization Theory or Kindling Hypothesis (Post 1992) . Epidemiological data on the course of such disorders typically consist of times of repeated events, e.g. hospital admissions. Thus it is natural to address the Sensitization Theory in a repeated event setting using either a marginal or an intensity based model. A marginal model relies less on distributional assumptions, therefore estimates of the regression coefficients are robust to certain misspecifications of the model, e.g. dependence within individuals. However, as the interpretation of the regression coefficients is on a population level, it is the differences between populations or groups of individuals that are analyzed. The Sensitization Theory concerns changes within individuals, this makes a conditional or intensity based model appropriate. For evaluating differences within individuals in a repeated event setting, a frailty or random effect model is typically used (see, e.g. Hougaard 2000, Cook and Lawless 2002) . The frailty can be interpreted as an unobserved covariate measuring, e.g. the severity of illness. The frailty explains some of the heterogeneity in the population and, if the frailty is further assumed constant within individuals, it induces dependence. Since a person with many events would be regarded as a person with a high level of risk (disease severity), such a person should be assigned a high frailty value. If the frailty affects the risk of recurrence multiplicatively, a high frailty results in an increased risk. It should be mentioned that in (Aalen et al. 2004 ) an alternative approach for investigating the change in individual risk was proposed. Instead of specifying a frailty dynamic covariates were defined, that is covariates that depend on the process history. These were used to analyze internal dependencies with an additive regression model, though the ideas could easily be used in e.g. a Cox-model.
There are two major methods for analyzing repeated events in a frailty model as identified by (Cook and Lawless 2002) . These are methods based on counts and methods based on gap-times. In the former, the focus is on the number of events recurring over time. In the latter, waiting times between successive events are studied. The canonical processes underlying the two methods are Poisson and renewal processes, respectively. The difference between the two methods is thus essentially the underlying time scale. In the gap-times approach time is reset to zero after each event, while in the count approach events occur successively in time. The method that should be used for a given problem depends on the context. However, as discussed in (Cook and Lawless 2002) , counts are useful with frequently occurring events within individuals or, when studying marginal differences, e.g. event occurrence rates in populations or groups of individuals. Gap-times are useful for conditional settings, such as predictions concerning time to next event for a given individual, or when some type of individual renewal occurs after each event. Though, in many studies, aspects of both counts and gaps may be relevant.
In (Kessing et al. 1998; Kessing et al. 2004a; Kessing et al. 2004b ) the question of Sensitization was investigated for the course of illness in affective disorder. In the three studies, information about hospital discharge and admission dates was used to assess the Sensitization Theory. Specifically, in (Kessing et al. 2004a) , analysis was based on Danish registry data from 1994-1999 using only records from patients with disease onset in this time period. A semi-parametric regression model with a frailty term was specified for the gap-times between recurrent hospitalizations in all three studies. The frailty was assumed to follow a gamma distribution, though in the first paper a log normal distribution for the frailty was also used. The results varied noticeably in regards to significance depending on which distribution the frailty was assumed to follow. However, in all, three studies there was a trend towards an increase in re-admission risk with episode number. Methods for checking a frailty distribution assumptions in a repeated event setting are not well developed and it would therefore be of considerable interest to develop methods for analyzing the Sensitization Theory which do not rely on distributional assumptions of the frailty. More generally, it is of interest to study the subject-specific recurrence risk with disease duration, specifically, to see whether this risk remains high or increases due to Sensitization, or whether it is constant, or even decreases with disease duration according to the idea of burn-out. According to the idea of burn-out the illness process levels out with disease duration, resulting in the patient not experiencing more episodes. This stronger hypothesis of a constant rate of recurrence versus an increasing or decreasing rate of recurrence with disease duration was explored in (Angst et al. 2003) , where a multiplicative intensity model was specified, with time scale equal to disease duration measured from time since first event(affective episode). The cumulative recurrence risk was estimated with a Nelson-Aalen estimator. With this model, the dependence within individuals is not taken into account, so the results are subject to selection. The conclusion was that the recurrence risk remained constant over the life span of a patient. Methods for testing whether a failure intensity is constant versus the alternative that it is monotone have been developed for univariate survival data. These include among others, the Total-Time-on-Test(TTT) plot and cumulative TTT statistic. With the TTT a random time change is introduced, which measures the total exposure time, i.e. the total time on test. When evaluating the counting process that accumulates the number of events on the new time scale, a transformed counting process is obtained. Under the hypothesis of a constant failure intensity, the transformed counting process has a constant intensity. This can be tested by plotting either the new counting process against time, or the original counting process against the transformed time scale. In addition to these plots, a normalized TTT statistic has been developed. This statistic measures the signed area between a version of the TTT plot and the diagonal. When the intensity is increasing, the statistic has large values and it has small values when the intensity is decreasing. In this paper, we propose to apply the TTT methods to a semi-parametric frailty model for repeated events. It proves necessary to assume that the recurrence risk depends on time in a simple way, namely through an unspecified common baseline intensity. Thus it is not possible to include time-dependent covariates in the model, or a term indicating a renewal process structure. Therefore, it will not be possible to assess the theory of Sensitization directly with this method, only whether there is a monotone change in recurrence risk with time, measured in disease duration. Furthermore, the power of the test is against a monotone alternative, so we need to be careful with non-monotonic deviations.
In (Kvaløy and Lindqvist 1998) , TTT methods were also applied to a recurrent event setting with heterogeneity. Focus was on different test statistics for detecting time trends, especially for identifying a bath-tup-trend, which occurs when there is an initial decrease in risk followed by an increase. The idea of burn-out, together with Sensitization, could result in a TTT plot with an inverse bath-tup shape. The methods described in (Kvaløy and Lindqvist 1998) were, however, based on parametric models. As we want to avoid specifying a frailty distribution, we try to apply the TTT methods differently for investigation of the Sensitization Theory.
In (Lindqvist et al. 2003) , the TTT methods were also applied in a recurrent event setting with heterogeneity. There, the intensity for the individual counting processes were allowed to have both a Poisson and renewal process structure. The paper explored model checking procedures, which can identify deviations from the homogeneous Poisson process assumption, the significance of the renewal process term, and the autocorrelation within each system. But, again, the methods were based on parametric models. Therefore, in order to apply these ideas, it is necessary to specify a frailty distribution, which is needed to estimate the individual frailty parameters. Thus we have to rely heavily on the specified frailty distribution.
In the following, individuals are assumed subject to two types of censoring mechanisms: a random censoring and a progressive type I censoring. The progressive type I censoring corresponds to individuals being recruited at different time points into a study with a planned follow-up period. The random right-censoring corresponds to the individuals being lost to follow-up for different reasons, which are independent of the recurrent event process and especially of the frailty. In the Danish registry study (Kessing et al. 2004a ), a subject is censored, e.g. at death. So here the assumption is that death occurs independently of the disease process, which may not be a realistic assumption. A further disadvantage of the test is that only processes from individuals who experience at least one event can be used to test the hypothesis of a constant recurrence intensity. This will, in many cases, probably result in having to discard considerable parts of data. Though for studying individual changes with event count, these individuals may not contribute much information. Finally, it should be noted that an advantage of the test is that, if the hypothesis is accepted, the counting process can be assumed to be a time homogeneous Poisson process. For such a process the event count is fully sufficient for studying marginal differences (Hougaard 2000; Cook and Lawless 2002) .
The performance of the test is evaluated on simulated data and illustrated by reanalyzing data from (Kessing et al 2004a) . Results from the methods are compared with results when specifying a Γ-frailty regression model for the gap-times, where both a Poisson and a renewal process term is included.
Total Time on Test plot for repeated events
Suppose there are a total of n subjects accrued into a study. Let [0, τ i ], τ i < ∞ be the period of observation for subject i, and let N = (N i ) i=1,...,n represent the multivariate counting process with respect to the filtration F t− = σ{N i (s), ξ i , X i ; 0 ≤ s < t, i = 1, . . . , n}, where N i (t) counts the number of events for subject i in the interval [0, t], 0 < t ≤ τ i , the ξ i 's are independent positive random variables representing the frailty for subject i and
T a p-dimensional time-independent covariate vector. The conditional intensity process for N i is on the form
where λ 0 (t) is the baseline intensity, r β a parametric regression function through which the covariate vector X i affects the hazard multiplicatively, and Y i is the at-risk indicator. During the observation period [0, τ i ] a subject may be lost to follow-up. We assume this happens according to a random censoring mechanism which is independent of the recurrent event process. For subject i, i = 1, . . . , n, let t ij and C i indicate the time of the j'th event and the censoring time for subject i, respectively. When there are no intervals where a subject is not at-risk, the time scale corresponds to the total exposure time. In this case the at-risk indicator is
We want to test the null hypothesis of a constant baseline intensity versus the alternative that it is monotone
Define the individual random time transformations
The transformed time scale corresponds to the total exposure time for a given subject. If there are no intervals where a subject is not at-risk, we would therefore have
When there are such intervals l = 1, . . . , L i where a subject is not at-risk, let the beginning and the end of these intervals be indicated by u i1 , . . . , u iL i and v i1 , . . . , v iL i , then
Define the transformed counting process N *
. . , n, which counts the number of events for subject i on the time scale equal to total exposure time for subject i. Under the null, N * i (u), i = 1, . . . , n, is a set of independent randomly stopped time homogeneous Poisson processes on the random interval [0, (Aalen and Hoem 1978) . Thus, under the null, a plot of N * i (u) versus u when N * i (R i (τ i )) > 0 should approximate the line with slope ξ i λ 0 r β (X i ). Similarly, as in the classic TTT plot, a graph of
Under the alternative, the graph is concave if λ 0 (t) is increasing and convex if the baseline intensity is decreasing with time. The plot may be transformed to the unit square by choosing a (random) time T ∈ [0, τ i ] and plotting
The plot should be made as described in (Andersen et al. 1993) , by plotting
and connecting the vertical lines one gets in this manner by horizontal lines. For all individuals with at least one event, a plot of R i (t)/R i (T ) versus N i (t)/N i (T ) will result in a graph with the same approximate slope, λ 0 (T )/λ 0 (t), which under the null is constant (1), and under the alternative is either convex or concave. Thus, if we accumulate over subjects with N i (τ i ) > 0, we still get the same type of curve. For T = max(τ i ), and with N i (t) = N i (τ i ) for t > τ i , we propose to use the plot
for testing the null. In Figure 1 , there are some typical examples of the plot, where the intensity is either constant, increasing or decreasing with time. When the intensity is constant the TTT plot follows the diagonal, and the plot is concave(convex) when the intensity is increasing(decreasing).
It should be noted that processes for which no events are observed do not contribute to the plot. For many studies, this would mean discarding large part of the data. For example, in the Danish registry study, only 35% of the population experiences an event during the follow-up. However, these processes do not hold any information about the individual change in the recurrence risk with event count. But the plot is based on a selected sub-group of patients, which may represent the severely ill patients.
Instead of transforming the individual counting processes, one could transform the accumulated counting process N.
is also a time homogeneous Poisson process with intensity
If analysis is based on this process it is not necessary to discard individual processes for which no events are observed. The graphical check of the null would then be
In order to be able to construct this plot, it is necessary to estimate β and ξ i , which in turns mean specifying a frailty distribution. Alternatively, one might apply the transfor-
is not a time 
homogeneous Poisson process under the null.
In (Lindqvist et al. 2003) , the transformation R.(t) was used to develop a TTT plot to investigate departures from the constant baseline intensity, and also from the Poisson process assumption. The specified individual intensity was of the form λ(t|F t− ) = ξ i λ 0 (t)α(t − T N i (t−) ). A parametric structure was specified for all three terms and observable residuals were defined, which were used to check the following: an assumption of a departure from the unit exponential distribution (λ 0 (t) = λ 0 ), an increase or decrease with event count(α(s) = α) and, finally, the autocorrelation within the systems. These model checking procedures are also highly relevant for the present problem. However, they require the specification of the frailty distribution and estimates of ξ i , λ 0 and β.
Total time on test statistic for repeated events
In the classic random TTT setting, the cumulative TTT statistic measures the normalized signed area between the TTT plot and the diagonal. Under weak conditions it is possible to show that this normalized area is asymptotically normally distributed with mean 0 and variance 1 12 (Gill 1986 ).
Define, in the repeated event setting, for each subject i and some T i > 0
where
For each subject with at least one event, U i is a measure of the area between the TTT plot for subject i and the diagonal. Therefore, it is a measure of deviations from the null hypothesis. Now choose T i = min(τ i , C i ). According to (Hougaard 2000) , the distribution of the event times R i (t ij ) for N * i conditional on the total number of events K > 0 does not depend on the frailty distribution and the joint density is
Thus, under the hypothesis, the conditional distribution for the transformed waiting times for subject i have the same distribution as the order statistic corresponding to N i (T i ) independent random variables uniformly distributed on the interval (0, R i (T i )]. The conditional mean of U i is, therefore,
and the conditional variance is
1(K > 0) under the null, regardless of the frailty distribution. Let m denote the number of individuals with at least one event.
We can now base a standard normally distributed test on the following test statistic:
If the null hypothesis was to be tested with a test statistic based on data from all subjects, it would not be possible to use a non-parametric test such as the one above, since it is necessary to determine the unconditional variance of U i . This can be done by first integrating over
In order to determine the unconditional variance, we now need to integrate with respect to the frailty distribution. Furthermore, we need an estimate of the baseline intensity λ 0 and the regression coefficients β. For reasons mentioned earlier, we would rather not specify a frailty distribution and as the estimate of λ 0 can be quite unsatisfactory, we recommend using the non-parametric test (6) based on the subjects with at least one event.
In (Kvaløy and Lindqvist 1998) several test statistics for investigating deviations from an assumption of a time homogeneous Poisson process were studied; specifically, a TTT based generalization of the Laplace test and an Anderson-Darling test for time trend were, among others, compared. These test-statistics applied the time transformation R., so the methods were based on parametric models. However, it should be noticed that the Anderson-Darling statistic is able to detect non-monotonic deviations from the null because it uses the squared area between the TTT plot and the diagonal instead of the signed area.
Simulation study
In the following, we will study the properties of the test statistic (6) when testing the hypothesis of a constant baseline intensity versus an alternative corresponding to the Sensitization Theory. Thus, we will study the power of (6) against the alternative that the baseline intensity is monotone as a function of event count. In order for (6) to perform optimally, the baseline intensity can not depend on any other aspect of time, which means that, there can not be an effect of disease duration nor can we include a time-dependent covariate. However, inspired by the results from the Danish registry study, and in order to accommodate the idea of burn-out in affective disease, we have included TTT plots for processes where there are two opposing trends with time. An increasing trend with disease duration and a decreasing trend with event count, and vice versa. The repeated event processes are simulated according to the following intensity processes:
For each subject, an observation period [0, τ i ], τ i ∼ U [0, τ ] is generated. We also introduce the random censoring time C i ∼ exp(ν). This observation plan corresponds to a study design with a termination date τ and people entering the study at different times after their first discharge from hospital. Because of different reasons independent of the recurrent event process, subjects are lost to follow-up before termination date τ , with a constant rate ν. In the above, a subject is at risk of an event immediately after experiencing one. Thus, R i (t) = min(t, τ i , C i ). The variance θ of the frailty represents the heterogeneity in the population. We assume ξ i ∼ Γ(θ −1 , θ −1 ), thus Eξ i = 1 and V ξ i = θ, though in the TTT setting it is only necessary to assume that the frailties are positive random variables. Three different frailty variances are explored: θ = 0.2, 1.0 and 2.0, respectively. For each combination of intensity process (constant, increasing or decreasing) and θ, 1000 datasets with varying number of individuals (n) are generated. The maximum follow-up period τ , the common baseline intensity λ 0 and the censoring percentages are changed in order to see an effect of different mean event count per person, different mean follow-up and a possible effect of the fraction of patients with at least one event.
In Figure 2 and 3, typical examples of the TTT plot for the above models are included. In Figure 2 , two different frailty distributions have been used, which, as expected, does not make any difference. In Figure 3 , (10) and (11) have been used to generate data. That is, there are two opposing trends in time, which could potentially results in bath-tup-shaped plot, e.g. the increase in risk with each event is the dominant trend initially, after some time the decrease with disease duration becomes the dominant trend. As expected, the test statistic (6) can not detect this kind of departure from the null. For each type of intensity ((10),(11)), two plots are included: one where the renewal term dominates the trend with time, and one where the Poisson term is the strongest trend, yielding either a positive or negative test statistic (6). It appears that the trend in calendar time dominates the beginning of the TTT plot, while the test statistic weights the end of the TTT plot heavily.
Results of the simulations are shown in Tables (1)-(3). Table 1 : Simulation results with a constant hazard: n is the number of individuals, θ the frailty variance, m the number of individuals with at least one event, T the mean follow-up time, N (T ) and median(N (T )) is the mean and median number of events for subjects with at least one event. E(U ) and V (U ) is the sample mean and variance of U for subjects with at least one event, with true values 0 and 1/12=0.083, respectively. The power of the test at 5% level is given in the last column.
Under the null, the test is quite robust even with 200 subjects at risk. The sample mean and variance of the test are close to the true values and the power is approximately 0.05, regardless of the values of θ. Increasing the number of subjects at risk to 1000, or decreasing the mean or median number of events per subject, does not change the results. In each set of simulations approximately 10% are censored according to an independent censoring process.
Under the alternative, with an increasing hazard the power decreases considerably with increasing heterogeneity. Large heterogeneity also implies that the fraction m/n is small and, while the mean number of events per subject with at least one event is large, the median number of events is small. When the number of subjects at-risk is increased to 1000, the power is reestablished.
Changing the median number of events has a marked effect on the power, while the mean follow-up time does not seem to have any effect. Increasing the number of subjects under risk still has a positive effect on the power, though, with a median of two events per subject, it is not enough with 1000 subjects at-risk to obtain reasonable results, with an increase in risk of 1/10 for each event.
For a decreasing hazard, the power is not affected by an increase in heterogeneity, while the mean number of events per person has a very strong effect on the results. If the mean number of events per subject is small, it is not possible to detect a decrease in hazard Table 2 : Simulation results with an increasing hazard: n is the number of individuals, θ the frailty variance, m the number of individuals with at least one event, T the mean follow-up time, N (T ) and median(N (T )) is the mean and median number of events for subjects with at least one event. E(U ) and V (U ) is the sample mean and variance of U for subjects with at least one event. The power of the test at 5% level is given in the last column.
with event count, even with 1000 subjects at-risk. Table 3 : Simulation results with a decreasing hazard: n is the number of individuals, θ the frailty variance, m the number of individuals with at least one event, T the mean follow-up time, N (T ) and median(N (T )) is the mean and median number of events for subjects with at least one event. E(U ) and V (U ) is the sample mean and variance of U i for subjects with at least one event. The power of the test at 5% level is given in the last column.
Application to Danish registry study
In (Kessing et al. 1998; Kessing et al. 2004a) , the Sensitization theory was investigated by analyzing data from the Danish registries. In the first paper, data from the period 1971-1993 were analyzed, while, in the second paper, registry entries from 1994-1999 were used. A gap-time Γ frailty model stratified by sex was used to model the recurrence risk. Specifically, the model for the intensity of re-admission for person i was
is the episode effect, the parameter of interest, while X i is a vector of additional covariates. The conclusion in both papers was that there is an trend towards an increase in risk with episode number, though the trend was only significant for women. Also, there was a significant heterogeneity among women, but not among men.
To illustrate the TTT method we reanalyze the registry data from the period 1994-1999.
The study population consists of all patients in Denmark admitted with an affective diagnosis for the first time ever to a hospital between January 1 1994 and December 31 1999. Patients are censored at death, end of study, or if they are admitted to hospital with an organic or a schizophrenia diagnosis. In total, 10,523 patients are under study, of which 3,802 are males. In the study period, patients have between 0 and 89 additional admissions to the hospital with an affective diagnosis. For 3,649 of the 10,523 patients, a second admission to the hospital in the study period is recorded after the first discharge. The mean and median number of admissions is recorded in Table 4 . Table 4 : Results from the TTT method applied to Danish registry data 1994-1999. The number of patients included in the study (n), the number of patients with at least one additional admission during follow-up (m), the mean and median number of events for the m patients with at least one event during follow-up. The sample mean and variance of the test statistic (6).
The hypothesis of a constant baseline intensity is rejected for both men and women. The sample mean of U is in both cases negative, which could suggest a decline in recurrence risk with time. The TTT plot for each sex is included in Figure 4 . This also suggests a decrease in rate of recurrence with time. It should be noted that it is likely to be a marked decrease in risk with event count that is identified, as the simulation results indicated that, with a mean of approximately three events and a median of two event, the test will in many cases not be able to detect deviations from the null.
∑Ri ( In an attempt to explain the discrepancy between the results of the gap-time Γ-frailty model reported in (Kessing et al. 2004a ) and the TTT method, we included disease duration as a time-dependent variable in the gap-time Γ-frailty model, results included in Table 5 . The risk of recurrence is decreasing with disease duration for both men and women, thus possibly explaining the decrease in risk suggested by the TTT plot. However, the variable is only significant for men (p< 0.001, p=0.125 for men and women respectively). The trend towards an increase in recurrence risk with episode is, as expected, more pronounced for both men and women when disease duration is included in the model. Also, there is now a significant heterogeneity among both men and women.
We also fitted the gap-time Γ-frailty model corrected for disease duration to the reduced data, which was used to make the TTT plot. For this selected sub-group of patients with at least one re-admission, there is a significant effect of event count for both men and women, but it is a decreasing effect. The effect of disease duration is increasing, but not significantly. The model with only disease duration included as a time-dependent covariate is the gap-time model which is most like the model used in the TTT method. In this case, the effect of disease duration is highly significant and the effect is decreasing, with the results shown in Table 6 . In this model, the recurrence risk is reduced by more than 50% for both men and women three years after the first admission. These results support the findings based on the TTT method. The discrepancy between the findings recorded in earlier papers (e.g. Kessing et al. 2004a ) and the TTT-method, can thus be explained by the different data used in the analysis. Table 6 : Results from a gap-time Γ frailty model stratified by sex, fitted to Danish registry data 1994-1999, further corrected for: calender time, age at first admission, and polarity. Only patients with at least one additional admission after first discharge are included.
Remarks
The proposed application of the TTT procedures to a repeated event setting offers a simple method for checking an assumption of a time homogenous Poisson process. Moreover, it is appealing since it is non-parametric. The assumption of a time homogenous Poisson process is relevant in a repeated event setting because, if it can be accepted, the event count is sufficient (Cook and Lawless 2002, Hougaard 2000) . Therefore, for studying marginal differences in populations, the focus can be entirely on the total number of events, which, in the Γ-frailty case, follows a negative binomial distribution.
For many applications, the hypothesis of a constant baseline intensity is probably a more coarse hypothesis than what the researcher is interested in, as is the case with the question of Sensitization. However, the TTT plot and associated test can reveal valuable information as the dominant trend with time, measured in calendar time (disease duration). In the case of, e.g. the Danish registry data, the TTT plot showed that, when attention is restricted to patients with at least one observed event, there is no evidence for the Sensitization Theory, contradictory to earlier studies. For this sub-population, which may represent the severely ill affective disease patients, there was a decrease in recurrence risk with time. Results from a regression model show that the decrease in risk occurs with episode number, while there is an increase in risk with disease duration.
In (Kvaløy and Lindqvist 1998) and (Lindqvist et al. 2003) , TTT methods were also applied in a setting of repeated events. In the first paper, different test statistics were studied, of which especially the Anderson-Darling statistics could be of interest. An Anderson-Darling test statistic for trend based on the individual processes with at least one event could be:
dt.
This test statistic should be better for detecting non-monotonic deviations from the null than (6), and it is not necessary to make parametric assumptions or estimate regression coefficients in order to evaluate it. However, for investigating the Sensitization Theory, the main interest is in monotone (increasing) departures from the null. Therefore, the properties of this test statistic were not investigated further in the present paper. In (Lindqvist et al. 2003) , the models studied included a non-homogeneous time trend, a heterogeneity term and a term indicating a renewal process structure. Based on the findings in the Danish registry study, it could be interesting to apply the methods discussed in the paper. However, in order to apply the ideas in both papers, it is necessary to make parametric assumptions about the frailty parameter. It is also necessary to estimate the baseline intensity and regression coefficients. Because of the discrepancy discovered in (Kessing et al. 1998 ) between specifying a Γ-and a LogNormal-frailty model, it was a key issue not to specify a distribution for the frailty parameter. If a frailty distribution is specified, it could be argued that more detailed information can be obtained from specifying a semi-parametric regression model with a frailty. Though the procedures for checking the model are of course relevant. Also, as the methods use the accumulated processes, instead of the individual processes, it is not necessary to discard information from individuals, who does not experience at least one event during follow-up, which, as was the case with the Danish registry data, can be a considerably part of data.
Since the Sensitization Theory concerns changes in the individual risk after each event occurs a gap-time approach seems the natural setting for investigating this hypothesis, when the chosen model is a proportional intensities model. Results from the TTT method, show that it is necessary to include a term indicating calendar time in this model. However, this leaves the problem of having to specify a distribution for the frailty parameter. An alternative approach where this can be avoided is to use the methods described in (Aalen et al. 2004) . Here an additive regression model was specified, and the internal dependencies within each process were handled with dynamic covariates. The authors point out that a frailty model is often unrealistically simple, e.g. it is usually assumed that the frailty is constant over time, which is a questionable assumption when observing a process over some period of time, where conditions may change. Furthermore, with the use of dynamic covariates, the model has the potential of giving more detailed information than traditional frailty analysis. With this method the natural time-scale is calendar-time or disease duration, but time since last event(the gap-time) can be included as an additional dynamic covariate.
